Maximal lifespan of mammalian species, even if closely related, may differ more than 10-fold, however the nature of the mechanisms that determine this variability is unresolved. Here, we assess the relationship between maximal lifespan duration and concentrations of more than 20,000 lipid compounds, measured in 669 tissue samples from 6 tissues of 35 species representing three mammalian clades: primates, rodents and bats. We identify lipids associated with species' longevity across the three clades, uncoupled from other parameters, such as basal metabolic rate, body size, or body temperature. These lipids clustered in specific lipid classes and pathways, and enzymes linked to them display signatures of greater stabilizing selection in long-living species, and cluster in functional groups related to signaling and protein-modification processes. These findings point towards the existence of defined molecular mechanisms underlying variation in maximal lifespan among mammals.
In this study we searched for a link between MLS and another marker of species' physiology -concentrations of hydrophobic metabolic compounds (henceforth referred to as "lipids" for simplicity). Recent scan of gene expression variation among 33 mammalian species with MLS differences of over 30-fold has shown that expression variation of 11-18% of analyzed 19,643 genes could be associated with MLS variation 11 . There is however a stronger evidence of genetic changes in genes controlling lipid metabolism to play a role in human longevity [11] [12] [13] [14] [15] [16] , as well as in MLS differences among species 17 , and changes in lipid saturation levels [18] [19] [20] [21] [22] [23] [24] [25] , pointing to lipids as a good potential target for investigation of molecular mechanisms underlying differences in MLS among mammalian species.
Results
Data samples. To investigate the direct connection between lipid metabolic processes and MLS, we measured lipid concentrations in liver, muscle, kidney, heart, brain cortex and cerebellum samples in a total of 669 individuals of 35 mammalian species representing three phylogenetic clades: rodents, primates, and bats ( Fig. 1a , Tables S1 and S2). Within clades, MLS varied between 4 and 31 years in rodents, 15 and 100 years in primates, and 10 and 33 years in bats ( Fig. 1b) 26 . As long-living species we consider those with MLS exceeding 0.9 of the highest MLS in each clade. Based on this cutoff human, naked mole-rat and two bat species (chinese horseshoe bat and rickett's big-footed bat) are regarded as long-living throughout this study.
Using liquid chromatography coupled with high-precision mass spectrometry in positive and negative ionization modes, we quantified between 13,000 and 21,000 hydrophobic compounds with molecular weights below 3,000 Daltons, detected in at least 50% of individuals in one tissue of one species. Among them, between 5,000 and 8,000 (38%) were annotated using computational matching to the lipid compound database (Fig. 1c , Table S3) 27 .
Several factors, such as species' basal metabolic rate (BMR), body mass and temperature, diet, and ability to hibernate, have been shown to explain some, but not all, variability in species' lifespan. To discriminate the effect of these factors from the effect of lipid concentrations on MLS, our dataset included species where MLS was uncoupled from one or more of these factors (Figs 1d, S1). All lipids that were significantly related to these factors, as well as to individuals' age and sex ( Figure S2 , Table S4 ), were removed from further analyses ( Fig. 1e ).
Predictive models of MLS.
To search for combinations of lipidome features that might be predictive of species' MLS, we constructed models distinguishing long-living species in all three clades from other species, based on the concentrations of lipid compounds in each tissue. The models were based on logistic regression with elastic net penalty -an approach which by applying a penalty measure on the number of lipids selected for the model during the training process selects only their limited number. This way we use this predictive model as a tool to both assess how accurately can we estimate long lifespan based on lipidome, as well as to investigate which lipid compounds are essential for this estimation and therefore potentially play a role in the species' exceptionally long lifespans. In each tissue, we performed 10 × 10 cross-validation to determine optimal model parameters and to assess predictive accuracy. Since other classification methods, as well as linear models, resulted in comparable results (Figures S3-5, Table S5 ), we used models based on logistic regression throughout this study.
Remarkably, in each of the six tissues, lipid concentrations identified the species with long MLS with an average accuracy of 0.91, and a maximum accuracy of 0.97, estimated as the area under the receiver operating characteristic curve (AUC) ( Fig. 2a) . Notably, the lipids identified as long MLS predictors were not predictive of species' BMR, body mass and temperature, or other confounding factors when these were used as an output variable ( Figure S6 ). The long MLS predictions were also robust with respect to uncertainties in the reported MLS of some of the species. We additionally assessed the robustness of the MLS predictors against age-related changes in lipid concentrations using 104 additional human samples from one brain tissue (cortex) and one non-neural tissue (heart) spanning the entire human postnatal lifespan (Table S6) . Of the 14,104 and 26,105 compounds detected in cortex and heart, 75% and 25%, respectively, showed significant concentration changes with age (Table S7 ). Excluding these age-dependent lipids from our data did not decrease MLS prediction accuracy ( Figure S7 ). Similarly, lipid concentration changes induced by postmortem delay 28 showed no association with long MLS predictions (Table S8 ). The proportion of lipids selected by the models as the long MLS predictors varied substantially among tissues, comprising 1% of the lipid compounds in heart, 4% in cerebellum, 7% in liver, 14% in kidney, 14% in brain cortex and 30% in skeletal muscle ( Fig. 2b , Table S9 ). Thus, long lifespan markers are distributed over a larger portion of the lipidome in skeletal muscle, brain cortex, and kidney compared to heart, cerebellum and liver. Despite variation in the number of MLS predictive features among tissues, they overlapped significantly between brain cortex and cerebellum, as well as among three non-neural tissues: liver, muscle and kidney ( Fig. 2c , Table S10 ). Thus, our MLS prediction models might rely on common lipid composition and pathways in these two tissue types.
The high performance of MLS prediction models based on lipid concentrations in the three mammalian clades suggests the presence of common markers of long lifespan shared across the clades. To inspect this further, we tested the models' ability to predict MLS in a species from one clade based on the lipid information from the remaining two clades. Removal of an increasing number of individuals representing one clade from the training set resulted in a gradual reduction in prediction performance for this clade both in brain and in non-neural tissues ( Figures S8 and 9 ). Still, the models based on brain data showed an above random performance even when all individuals of a given clade were removed from the training set ( Fig. 2d ). In other words, a model based solely on brain lipidome information from two clades, e.g. rodent and bats, is sufficient to make valid predictions about MLS for a species in the primate clade.
Lipid predictors of long MLS. Existence of common predictors of long lifespan suggests coordinated
lipid concentration changes in long-living primates, rodents and bats. Indeed, changes in concentration of long lifespan predictors were positively and significantly correlated between clades, unlike changes in concentration of other lipids (permutation, p < 0.01) ( Figure S10 ). Lipid predictors showing coordinated concentration change in long-living species of all three clades were enriched in 12 specific lipid classes, 24 sub-classes and 12 metabolic pathways in all tissues except heart (hypergeometric test, permutation, p < 0.05) (Table S11 ). What's more, concentrations of long MLS predictors were significantly shifted towards either higher or lower values in the long-living species in at least one tissue in 11 of 12 enriched lipid classes, 17 of 24 sub-classes and 10 of 12 metabolic pathways (permutation, p < 0.05) (Table S11 ). Among them, triacylglycerols enriched in liver showed an increase in concentration levels in long-living species in almost all tissues; glycerophospholipids enriched in brain cortex were showing a decrease in concentration levels in most of the tissues; and sphingolipid metabolism pathway and several enriched classes of sphingolipids showed predominantly a decrease in concentration levels in all tissues except kidney ( Fig. 3a , Figure S11 ). We inspected the relationship of the number of double bonds in lipid chains of the MLS predictors with their concentration levels in the long-living species and found several significant associations e.g. in sphingolipids, triacylglycerols, glycerolipids ( Figure S11 ). However, no consistent pattern across all lipid classes and tissues could be observed. In order to inspect if the removal of lipids related to other confounding factors such as basal metabolic rate, body size, or body temperature could has affected these results, we performed the same analysis on the initial dataset before removal of the confounder-related lipids. A similarly inconsistent link between lipid concentration levels and double bond number was found among the enriched (Figures S12 and S13) as well as all lipid classes (Table S12 ) nevertheless the significant associations in sphingolipids, triacylglycerols, glycerolipids were confirmed. Overall, saturated lipids show higher correlation with species lifespan on average in all tissues except heart ( Figure S14 ).
Several fatty acids were reported to show significant associations to longevity [18] [19] [20] [21] [22] [23] [24] [25] . To verify their role in our data we manually searched and annotated fatty acids in our mass spectrometry measurements. We tested their concentration level difference between the long-living and other species and compared this difference to the distribution of the same difference across all other lipids in our dataset. The majority of fatty acids showed elevated concentration levels in the long-living species with several of them being significant in particular in the non-neural tissues. Notably, none of the saturated fatty acids showed significantly higher concentration levels in the long-living species (Table S13 ).
Evolutionary processes leading to long MLS. The presence of common lipidome features associated
with long lifespan in the three clades suggests the existence of a shared molecular mechanism associated with MLS in rodents, primates, and bats. To corroborate this finding, we searched for a possible evolutionary signature of such a mechanism. We examined amino acid substitution levels, measured as dN/dS ratios, for enzymes linked to the long MLS predictors using available genomic data: genomes of long-living rodent and primate -naked mole-rat and human, as well as their short-living counterparts -mouse and macaque. We found that, in long-living species, these enzymes showed consistently and significantly lower amino acid substitution levels compared to enzymes linked to other lipid compounds detected in our data (Figs 3b, S15,16, Tables S14 and S15). By contrast, short-living species did not show a significant reduction of amino acid substitution levels in all primate tissues and all but two rodent tissues ( Figure S17 ). This shows that metabolic processes identified as related to lifespan by our MLS prediction models indeed experienced increased evolutionary pressure in long-living species compared to short-living species, in both rodent and primate clades.
We next inspected the biological processes that involve enzymes linked to long MLS predictors, which additionally show a signature of increased conservation pressure in long-living species compared to their short-living clade counterparts. Analysis of Gene Ontology (GO) functional terms 29 revealed a significant enrichment of the enzymes with evidence of higher negative selection in all six tissues, with several GO terms overrepresented in more than one tissue (Table S16 ). The resulting network based on enzymes shared between GO terms was composed of three distinct modules related to: (i) signaling processes, (ii) protein modification processes and (iii) cellular components (Fig. 4) . The signaling module contained five GO terms universally present across tissues, including "intracellular signal transduction", "activation of protein kinase", "platelet activation", and "axon guidance", and four tissue-specific terms, including "neuron differentiation" and "protein phosphorylation". The protein modification module contained four GO terms including "post-translational protein modification"
and "C-terminal protein lipidation". The cellular component module contained five GO terms including "Golgi apparatus components" and "plasma membrane" (Fig. 4 ). Long MLS predictors associated with these modules, in turn, belonged to specific lipid sub-classes. They included: glycerolipids, diacylglycerols, and glycerophospholipids, which were associated with the signaling and cellular compartment modules in multiple tissues; sphingolipids, associated with the protein modification module; diacylglycerophosphoinsitols, simple Glc series, and N-acylsphinganines, associated with biological processes specific to brain; and prenol lipids and prostaglandinds associated with processes specific to non-neural tissues (Tables S14 and S16). These lipid sub-classes intersected significantly with the ones significantly enriched in the long MLS predictors (permutation, p < 0.01) and showed common concentration levels shifts in long-living species (Table S11 ). Among them, lipids in the cellular compartment term showed lower concentration levels in the long-living species, while signaling and protein modification terms contained both lipid classes with elevated and reduced concentration levels in the long-living species. 
Discussion
Our results show that long lifespan is associated with distinct lipidome features shared across three mammalian clades. Lipid predictors of long MLS differ across tissues, but overlap within brain and non-neural tissue types. The long MLS predictors identified in brain are especially conserved among clades, allowing long-living species identification within a clade solely based on lipid predictors from the other two clades.
The existence of lipid predictors shared among the three clades further manifested itself in form of specific lipid classes, sub-classes and pathways up-or down-regulated within long-living species of all three clades. While little can be said about functional significance of these changes one potentially important feature stands out: the genomes of long-living primate and rodent species show increased evolutionary selection acting upon the amino acid sequences of enzymes linked to lipid predictors of long MLS. These enzymes cluster in specific functional categories associated with signaling and protein modification processes, as well as the corresponding cellular compartments: Golgi apparatus and plasma membrane.
Another interesting observation is the role of double bonds in lipid chain in relationship to long lifespan. In contrast to energy lipids, structural lipids, such as sphingolipids, the major constituent of cell membrane show higher saturation degree in long-living species presumably as means of protection from continuous oxidative stress (Figs 3a, S11). Lower number of double bonds in these lipids potentially represents a mechanism for maintaining their stability over the extended lifespans of respective species. The relationship between the number of double bonds and species lifespan is more complex for energy-related lipids. The observed higher concentration of unsaturated lipids such as triacylglycerols in long-living species compared to other species could be related to the efficiency of energy release of these lipids. As saturated lipids do not require creation of a double bond within the beta-oxidation process it allows them for an accelerated energy production. Therefore, comparatively slower energy production of the unsaturated energy lipids could be related to the slower metabolism characteristic of long-living animals.
The relationship between the number of lipid chain double bond and its concentration level in long-living species could not be established across tissues and lipid classes, however several significant observations were found ( Figure S11 ). As lipid saturation was associated with lifespan by a number of studies [18] [19] [20] [21] [22] [23] [24] [25] to fully elucidate this mechanism of action specific tissue and lipid class examples should be investigated in detail and further validated experimentally.
The complex collection procedure of the large set of tissue samples used in our study did not allow us to make a comprehensive study of postmortem delay effect on our results. For this reason, we relied on a previously published data in which lipid degradation with postmortem time was extensively assessed 28 . We found a small and insignificant overlap of the long-lifespan predictors in our study with the postmortem delay-related lipids reported previously (Table S8 ). Therefore, in spite of the limited power of this method of assessing the effect of postmortem delay in our data, we conclude that it should not have a dramatic effect on the major results of this study. In our approach, we were not able to discriminate between the causal lipidome determinants of a species' MLS and its byproducts. Nonetheless, the existence of a defined signature for long MLS, shared among three mammalian clades, which was reflected not only by lipid concentrations, but also enzyme conservation and functional clustering, strongly suggests the presence of a distinct molecular mechanism controlling MLS variation among mammalian species. Identification of this mechanism may give us a unique opportunity to understand the determinants of lifespan duration and the nature of the ageing process.
MS sample preparation and measurements.
Lipids were extracted from frozen tissue powder by solution of methanol, methyl-tert-butyl-ether 1:3 (v/v) according to Giavalisco et al. 30 . Briefly, 20 mg of frozen powdered tissue material was resuspended in 1 ml extraction solution containing 0.5 μg of corticosterone, 1.5 μg of 1,2-diheptadecanoyl-sn-glycero-3-phosphocholine (Avanti Polar Lipids, 850360P, City State), 0.5 μg of 13C sorbitol and 0.25 μg of ampicillin. The samples were incubated for 10 min at 4 °C on an orbital shaker. This step was followed by ultrasonication in an ice-cooled bath-type sonicator for 10 min. To separate the organic from the aqueous phase 500 μl of a H 2 O:methanol mix (3:1(v/v) was added to the homogenate, vortexed and centrifuged (5 min; 14,000 g). Finally, 500 μl of the supernatant (MTBE phase containing lipid compounds) was collected to a fresh 1.5 ml Eppendorf tube for lipid analysis. This aliquot was concentrated to complete dryness in a speed vacuum at room temperature.
Prior to analysis the dried pellets were re-suspended in 500 µL acetonitrile:isopropanol (7:3) (v:v)), ultrasonicated, and centrifuged (5 min; 14,000 g). 200 µL of the cleared supernatant was transferred to fresh glass vials, of which 2 µL were loaded onto a UPLC system (Acquity, Waters) equipped with a C 8 reverse phase column (100 mm × 2.1 mm × 1.7 µm particles, Waters). In addition to the individual tissue samples we measured mixtures of tissue samples (pooled samples). These pools were prepared by mixing 10 µL of each individual sample after resuspension of the dried lipid pellet. Pooled samples were measured after every 40 th sample, providing us information on system performance (sensitivity and retention time consistency), sample reproducibility and compound stability over the time of the MS-based analysis.
The mobile phase contained water (UPLC MS grade, BioSolve) with 10 mM NH 4 ac, 0.1% acetic acid (Buffer A), and acetonitrile/isopropanol (7:3, UPLC grade Biosolve) containing 10 mM NH 4 ac, 0.1% acetic acid (Buffer B). The flow rate of the system was set to 400 µL/min, and the gradient to: 1 min 45% A, 3 min linear gradient from 45% A to 35% A, 8 min linear gradient from 25% A to 11% A, 3 min linear gradient from 11% A to 1% A. After washing the column for 3 min with 1% A, the buffer is set back to 45% A, and the column is re-equilibrated for 4 min (22 min total run time).
The mass spectra were acquired using an Exactive mass spectrometer (Thermo-Fisher, Bremen, Germany). The spectra of the pooled samples were recorded using altering full scan and all ion fragmentation scan mode, covering a mass range from 100-1500 m/z. The individual samples were measured using two time segments where the measurements were performed either in negative (0-13 min) or in positive (13-20 min) ionization mode. This strategy allowed us to reduce the number of measurements by 50%. The resolution for all measurements was set to 25,000 providing 5 scans per second, restricting the loading time of the orbitrap cell to a maximum of 100 ms. The capillary voltage was 3 kV with a sheath gas flow value of 60, an auxiliary gas flow of 35, and a capillary temperature of 150 °C. The drying gas in the heated electro spray source was 350 °C, while the skimmer voltage and the tube lens were 25 V and 130 V, respectively. The spectra were recorded from 0 min to 20 min of the UPLC gradients.
Peak extraction and alignment. Peaks were extracted using the Progenesis QI metabolomics software (Version 1.0.5165, Nonlinear Dynamics, New Castle, UK) allowing only the detection of a single isotope (M + H) + in positive-and (M − H) − in negative ionization mode. The software automatically detects the different isotope peaks and clusters them together while reporting the summed intensity under the monoisotopic mass retention time feature. Accordingly we define as a peak, throughout this manuscript, as an individual mass trace of the first isotope. In a later step the different, possible adducts of each compound class were matched, as described in below to remove the redundancy from the peak annotation.
Normalization. All peak concentration values were normalized by the internal standard (IS) PC 34:0 concentration levels and log transformed. Samples with IS concentration levels outside of a 2.5 standard deviation range around the mean of that IS in the tissue were removed from the dataset.
Peak annotation. We used mass searches with a mass tolerance of 10 ppm, allowing adducts listed in Table S18 in the positive and negative ionization modes 31 . We tested a lower cutoff for database search of 5 ppm and obtained qualitatively the same results. The obtained m/z values were next searched against the LIPID MAPS 27 database for the initial annotation of the positive and negative ionization mode lipid datasets. For each lipid class we defined a list of possible adducts, Table S18 , used in this step of data base search. In the second step, all the remaining, less common, adducts were used in an additional database search to test the support of the database matches found in the first step of the annotation procedure (Table S19 ). Next, peaks showing a correlation >0.7, a difference in RT of <0.05 and matched to the same lipid compound in the database search were merged together. The average concentration level of the merged peaks in all samples was used in further analysis. This procedure resulted in merging 427-880 peaks in different tissues into composite peaks of size up to 6. As a result, the datasets contained between 5,313 and 13,067 compounds in different tissues and ionization modes and between 13,089 (cerebellum) and 20,669 (heart) compounds in both ionization modes together.
We used LIPID MAPS and HMDB database annotation to assign each identified compound to its lipid class and subclass. We tested the overrepresentation of lipid classes and subclasses in a given compound group using a hypergeometric test corrected for multiple testing by random sampling of the same number of lipid compounds from our dataset 1000 times.
To determine the number of double bonds of the compounds assigned to each peak we used their InChI identifiers 32 .
Confounder correlation search. We searched the literature 33, 34 for the reported species basal metabolic rate (BMR), body temperature, diet, body mass, and hibernation information (Table S20 ). In addition, we collected individual sex and age information (Table S1 ). The relation of lipid concentration levels to these factors was tested based on (a) t-test for sex and hibernation factors, (b) analysis of variance (ANOVA) for diet factors, (c) linear regression analysis for BMR, body temperature, body mass, and age factors. The resulting p-values were further corrected for multiple testing using permutations. Lipid compounds showing significant (p < 0.01) relationship with any of the factors were removed from the analysis (Table S3 ).
Previous work 28 has shown that concentrations of less than 8% of lipids detected in various primate tissues are affected by postmortem delay (PMD). We found no significant association between lipids showing these PMD-associated changes and the long MLS predictors (Table S8 ). Furthermore, samples collected from long-living species in our dataset are characterized by different PMD: no PMD for naked mole-rats, <5 h for bats, and up to 50 h PMD for humans. Thus, long MLS predictors shared among the three clades cannot be due to the effect of PMD.
In the tests requiring matching lipid peaks between datasets, including the time-series and PMD measurements, cutoffs of 10 ppm of the mass to charge ratio and 0.1 sec RT were used. Age-related lipid change was assessed using a polynomial function of up to 3 rd degree fit to each lipid compound measurement (F-test, p < 0.01).
Classifier construction.
We used logistic regression with elastic net penalty to construct binary classifiers distinguishing the long-living species from other species in the dataset. The α parameter of the classifier was chosen based on the classification accuracy in 10 × 10 cross-validation runs. Classifier accuracy was assessed through cross-validation, for the functional analysis the model was retrained on all sample data using the α parameter value selected in the cross-validation procedure.
Other models. For comparison, we implemented a feature selection procedure for a support vector machine (SVM) classifier according to 35 . In every cross-validation run, iteratively, 1% of the initial number of features with the lowest coefficient in the linear SVM was removed and the model was retrained on the remaining features until there were no more than 10 features left. Out of all numbers of features tested in the iterative procedure, the best performing one was chosen and the model accuracy was assessed as the average across the cross-validation runs for the chosen number of features. For model comparison, the SVM was retrained using all sample data in the iterative procedure until the chosen number of features was reached.
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In the same way as the logistic regression model we constructed a linear regression model with elastic net penalty. For the response variable in this model we used lifespan of a species normalized to the maximum lifespan of a species within each clade.
Individual clade prediction test. In order to inspect the robustness of the long lifespan classifier based on incomplete clade information, we performed a test of eliminating an increasing proportion of a clade individuals from the training set and using them in the test set. In this procedure we randomly sampled an increasing proportion of clade individuals from 10% to 90% in 10%-steps, 100 times in every step. In each randomization step, after calculating prediction models for all individual tissues, tissue datasets were merged into: a non-neural dataset including liver, muscle and kidney, and a brain dataset including cortex and cerebellum. The previously sampled training and test sets in the individual tissues were merged to test the prediction accuracy of models based on the merged data. Prediction accuracy of the models based on limited clade data was estimated as the average of all 100 sampling trials done for each elimination step.
Lipid datasets in the randomization procedure were merged based on the coefficients of lipid peaks in the individual tissue models. Individual tissue lipid data were first sorted according to the coefficients in the individual-tissue models, and according to the difference in the concentration levels between long-and short-living individuals in the training set. Then, peaks with zero coefficients and lowest difference between the long-and short-living individuals were removed in order to create datasets of the same sizes. Finally, the datasets were merged according to the predefined order.
Genome analysis.
We used genomes of primate species (human, rhesus macaque and marmoset) and rodent species (naked mole-rat and mouse). Orthologous gene information for 908 lipid enzymes identified based on their link to the lipids in our dataset 27, 36 was downloaded from NCBI Gene database (ftp://ftp.ncbi.nih.gov/gene/ DATA/gene_group.gz) and concatenated into Table S17. We used muscle 37 to align exonic sequences (consensus CDS only, according to NCBI Nucleotide database) of corresponding RNAs annotated in NCBI Gene database ftp://ftp.ncbi.nih.gov/gene/DATA/gene2refseq.gz, 'reviewed' status only), in two sets of species: (1) human, rhesus macaque and marmoset as an outgroup; (2) naked mole-rat, mouse and human as an outgroup. We used codeml (with all zero parameters except CodonFreq = 2, model = 2, kappa = 2, omega = 2, fix_alpha = 1, ncatG = 4) 38 to calculate dN/dS ratios for all tree branches separately (Table S17) .
We next compared the distribution of the dN/dS ratios of enzymes linked to the long MLS predictors and enzymes linked to other lipids in our dataset. For each enzyme, we calculated the proportion of the number of linked long MLS predictors to the number of all lipids this enzyme is linked to. We defined as lifespan-related the enzymes with top 30% (top 25% in heart and top 35% in non-neural tissues) proportions of the long MLS predictors in a given tissue. The dN/dS ratios of these lifespan-related enzymes were compared to the dN/dS of other lipid enzymes.
